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Abstract—Due to market, there is flexibility in the price for
power purchase by the utility. At the maximum loading condition
the cost of power is high, hence conservation voltage reduction
(CVR) is a useful technique in reducing power demand of the
distribution system. Further, by installing battery energy storage
system (BESS) in the distribution system, power can be stored in
the BESS when the price is low and can be utilize to supply the
demand when the price is high. In this paper, power conserving
and cost saving problems are investigated. As we consider loads
in distribution system as voltage dependent loads, the CVR
objective is obtained by optimizing the nodal voltages of a feeder
towards the lower limit of the ANSI value using legacy devices
and smart inverter. In order to solve introduced problems, a
MPC-based algorithm is proposed for optimal usage of future
information prediction such as load energy consumption profile,
PVs generation profiles and TOU electricity tariffs. Moreover,
effect of depreciation cost of the BESS is in cost saving is
investigated. The proposed method is validated using IEEE-123
node system. It is demonstrated form the results that the proposed
method is able to reduce the power consumption and cost of
purchased power from substation.
Index Terms—Conservation voltages reduction, Smart inverter,
Distributed energy resources, Battery, Model predictive control.
I. INTRODUCTION
Due to increase in the cost for power generation from the
conventional source of energy, there is need for reduction
in power consumption. Specially, at the peak load condition
costly generators are used to provide the load demand. The
generation cost are reduced by invoking the demand response
technique in the distribution system. But, this technique only
tries to shift the peak load condition, it might be possible
we will obtain another peak at different time of the day.
Conservation voltage reduction (CVR) is a technique which is
developed to reduce the energy consumption in the distribution
system. The energy consumption for the voltage dependent
loads can be reduced by decreasing the nodal voltages. It has
been studied in [1] that implementing CVR technique in all
the feeders of the distribution system in United States it will
cause 3.04% reduction in annual energy consumption.
The voltage control devices like capacitor banks (CBs),
voltage regulators and on-load tap changers (OLTCs) can be
used for controlling the voltage in the distribution system
[2]. Earlier, CVR objective is obtained using these devices
by measuring the feeder end voltage such that all the nodes
voltages are within the recommended ANSI voltage limits
(0.95 - 1.05 pu) [3]. Now a days, a large amount of distributed
generators (DGs) are installed in the distribution system. These
DGs are connected to the grid using smart inverters. According
to IEEE 1547-2018 standard [4], these inverters are required
to provide the reactive power support to control the voltage in
the system. The CVR objective is obtained by combining the
legacy devices and smart inverters by solving the optimization
problem called Volt-VAr Optimization (VVO).
The CVR objective can be obtained by formulating the
problem as the optimal power flow (OPF) problem. A cen-
tralized controller is used to solve OPF by solving a mixed
integer nonlinear problem (MINLP) for three-phase unbal-
anced system [5]–[7]. The problem is mixed integer due
to inclusion of capacitor bank switch and tap position of
the regulator. Unfortunately, solving MINLP for large scale
three-phase unbalanced distribution system is computationally
expensive. Therefore, the nonlinear power flow equations in
the distribution system are converted into linear power flow
by either linearizing or approximating the equations [8]–[11].
Recently, photovoltaic (PV) generators [12] are installed
in the distribution system, which are interfaced with battery
energy storage system (BESS) [13]. The main purpose of
BESS is to purchase and store low price energy during off-
peak times (charging state) and utilize it during peak times
when the energy price is high (discharging state) [14]. For
example, [15] and [16] use BESS to perform peak load shaving
which provides direct and indirect benefits such as cost and/or
energy savings and voltage support. In [17] and [18], two
dynamic control methods for reactive power control in a
single line radial distribution system based on BESS and PV’s
inverters are proposed and compared. In addition, advanced
control methods such as model predictive control (MPC) can
be exploited in this context to obtain most benefits from
BESS. In [19], author proposes a MPC-based optimization to
coordinate the substation OLTC operation on slow-timescale
with inverters and BESS on fast-timescale. Then, this multi-
timescale volt/var optimization problem is formulated as the
mixed-integer second-order cone program (MISOCP) with
objective of minimizing the power loss and total energy cost of
the system. In this work we propose a MPC-based optimization
to coordinate the legacy devices, smart inverters and BESS.
The problem is formulated as MILP with CVR objective and
minimizing total cost of purchasing energy from grid given
the day-ahead time-of-use (TOU) electricity tariff, depreciation
cost of the BESS, forecasted load demand and PV profiles.
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Fig. 1. Topology of radial distribution system
The rest of this paper is as follows: Section II provides
the modeling of the distribution system with voltage control
devices and BESS. In section III, problems of interest, and a
MPC-based algorithm for solving them are explained. Section
IV provide the discussion and the results on IEEE-123 node
system. Finally, Section V provides concluding of the paper.
II. MODELLING OF DISTRIBUTION SYSTEM
In this section, first, we introduce the branch-flow model
for the distribution system. Then a brief introduction on the
modelling of all the components in the distribution system is
provided for the optimization purpose.
A. Branch Flow Model
The distribution system can be modelled as a directed graph
as shown in Fig.1. Consider a distribution system consisting of
N number of buses and E number of edges. As most of the
distribution system operates radially, hence, each edge (i, j)
connects nodes i and j where node i is the parent of node j.
The impedance of an edge is represented as zij = rij + ιxij ,
the power flowing in the edge is given as Sij = Pij+ιQij and
the complex line current is Iij . The voltage of a node i ∈ N
is given by Vi (a complex number) and si = pi + ιqi be the
net apparent power injection (generation minus demand) at
corresponding bus i. The the branch-flow equations for radial
distribution feeder, is given in (1)-(4). Please refer to [20] for
further details.
pj = Pij −
∑
k:j→k
Pjk + rij lij ∀i ∈ N (1)
qj = Qij −
∑
k:j→k
Qjk + xij lij ∀i ∈ N (2)
vi = vj + 2(rijPij + xijQij)− (r
2
ij + x
2
ij)lij∀i ∈ N (3)
vilij = P
2
ij +Q
2
ij ∀ij ∈ E (4)
Note, that the branch flow equations in (1)-(4) are obtained
by relaxing the nodal voltage angles as described in [20]. For a
radial system, the nodal voltage angle can be exactly obtained
from the OPF result. Also, notice that vi = |Vi|
2 and lij =
|Iij |2. The power flow equation described in equation (1)-(4)
is nonlinear due to lij . It is known that the power flowing in
each edges of the distribution system is much larger than the
losses incurred in these edges. Hence, in order to obtain the
linear power flow equation, lij term is ignored to obtain the
linear set of equations as given below:
pj = Pij −
∑
k:j→k
Pjk ∀i ∈ N (5)
qj = Qij −
∑
k:j→k
Qjk ∀i ∈ N (6)
vi = vj + 2(rijPij + xijQij) ∀i ∈ N (7)
The linear power flow equations in (5)-(7) closely approx-
imate the power flow model for the unbalanced three-phase
system which is validated in our previous work. Please refer
to [8] where the results shows that the voltage obtained using
linear sets of equations have error in the range of 0.001 pu
compared to actual power flow results.
B. Distribution System Components
1) Voltage Regulators: The voltage regulation range of a
voltage regulator is assumed to be ±10%, which is divided
into 32-steps for this work. The series and shunt impedance
of the voltage regulator have very small values and are ignored
for simplification. The primary and secondary nodal voltages
for the voltage regulator is related to a of the regulator by:
Vj = aVi (8)
where, a =
32∑
i=1
biutap,i and
32∑
i=1
utap,i = 1. As square of
voltage magnitude is the variables in our system hence, voltage
relation for regulators are in terms of vi and vj and A = a
2.
vj = A× vi (9)
2) Capacitor Banks: The reactive power qcap,i provided by
the capacitor bank are function of square of voltages and the
switch status (On/Off).
qcap,i = ucap,iq
rated
cap,i vi (10)
where, ucap,i is the switch status, q
rated
cap,i rated power of the
capacitor bank and vi is the square of the bus voltage.
3) Distributed Generation with Smart Inverters: The DGs
are modeled as negative loads with a known active power
generation pDG,i equal to the forecasted value. The reactive
power support from the DGs depends on the rating of the
smart inverter. In this work, the smart inverter is rated at 15%
higher than the maximum active power rating of the DGs.
−
√
(sratedDG,i )
2 − (pDG,i)2 ≤ qDG,i ≤
√
(sratedDG,i )
2 − (pDG,i)2
(11)
where, sratedDG,i is the apparent power of DG, qDG,i reactive
power support from smart inverters.
4) Voltage-Dependent Load Models: The most widely ac-
ceptable load model is the ZIP model which is a combination
of constant impedance (Z), constant current (I) and constant
power (P)) characteristics of the load [21]. In this paper a
voltage dependent load model, which is function of CVR
coefficients is used as given by (12)-(13).
p
p
L,i = p
p
i,0 + CV Rp
p
p
i,0
2
(
v
p
i
V 20
− 1
)
(12)
q
p
L,i = q
p
i,0 + CV Rq
q
p
i,0
2
(
v
p
i
V 20
− 1
)
(13)
Here, the CVR coefficients are obtained from the ZIP coef-
ficients. It has been observed that the proposed load model
has similar characteristics of ZIP model in the voltage range
of 0.95-1.05 pu. The detailed derivation for the proposed load
model can be found in [8].
C. BESS Model
The BESS dynamics can be presented based on state-
of-charge (SOC) and the limits on the BESS charging and
discharging power and energy [22]. This is formulated as the
following:
SOC(t + 1) = (1− η)SOC(t) + ρ
Pc,d(t)
Qbat
τ (14)
E
− ≤ SOC(t + 1) ≤ E+ (15)
− dr ≤ Pc,d(t) ≤ cr (16)
Pd(t) =
{
|Pc,d(t)| if Pc,d(t) < 0
0 otherwise
(17)
The BESS SOC updates is given in (14) where SOC(t) and
Pc,d(t) are the SOC and charging/discharging power of the
BESS at sampling time t, respectively. η, ρ, and Qbat are
energy decay rate, round-trip efficiency, capacity of the BESS
and τ is the sampling time-interval. Constraint (15) guarantees
the BESS SOC remains within a boundary where E+ and E−
specifies bounds on BESS charging/discharging limits. Finally,
constraint (16) bounds BESS maximum charging/discharging
rates where dr is the maximum discharge rate while cr is the
maximum charge rate. Absolute value of the BESS discharging
power is calculated in (17) and denoted by Pd(t). Also,
Pc,d(t) > 0 indicates that BESS is charging while Pc,d(t) < 0
indicates that the BESS is discharging. The current formulation
for the BESS is nonlinear and adds computational complexity
to the problem. Note that constraint (17) makes BESS model
formulation nonlinear. Same as the nonlinear power flow
equations, this also can add computational complexity to the
optimization problem. Therefore we linearize the constraint
(17) as follows:
Pd(t) =
{
|Pc,d(t)| if −Pc,d(t) > 0
0 otherwise
(18)
Different conditions of (18) can be modeled by using a binary
variable and Big-M method. First, a binary variable is defined
to activate different boundaries of (18). This can be stated as
follows:
δ = 1⇐⇒ −Pc,d(t) > 0 (19)
δ = 0⇐⇒ −Pc,d(t) ≤ 0
This can be formulated as:
− Pc,d(t) ≥ ǫ−M(1− δ) (20)
− Pc,d(t) ≤Mδ (21)
Where, δ ∈ {0, 1} is binary variable; M is an arbitrary
large number and should be chosen as a big enough (possibly
always different) number to not limit any significant function
of variables in the constraints; Also, ǫ is an arbitrary small
number to guarantee that for δ = 1, Pc,d(t) is not equal to
zero. Then, the conditions of (18) can be modelled based on
(19) as follows:
δ = 1⇐⇒ Pd(t) = |Pc,d(t)| (22)
δ = 0⇐⇒ Pd(t) = 0
This can be formulated as:
|Pc,d(t)| −M(1− δ) ≤ Pd(t) ≤ |Pc,d(t)|+M(1− δ) (23)
−Mδ ≤ Pd(t) ≤ Mδ (24)
Due to the absolute value term in the double inequality (23),
this constraint still needs to be linearized. Thus, the left hand-
side inequality of (23) can be modified to write as follows:
|Pc,d(t)| ≤ Pd(t) +M(1− δ) (25)
which can be linearized as follows:
Pc,d(t) ≤ Pd(t) +M(1− δ) (26)
− Pc,d(t) ≤ Pd(t) +M(1− δ) (27)
Similarly, the right hand-side inequality of (23) can be stated
as follows:
|Pc,d(t)| ≥ Pd(t)−M(1− δ) (28)
which can be linearized as follows:
Pc,d(t) ≥ Pd(t)−M(1− δ)−Mβ (29)
− Pc,d(t) ≥ Pd(t)−M(1− δ)−M(1− β) (30)
where, β ∈ {0, 1} is a binary variable which is defined to
linearize (28). Therefore, the nonlinear constraint (17) can be
replaced by set of mixed-integer constraints (20), (21), (24),
(26), (27), (29) and (30).
III. PREDICTIVE CONTROLLER
In this work, it is assumed that utility is equipped with an
intelligent controller which has the access to the day-ahead
forecast of the distribution system’s load energy consumption
profile, PV generation profile and TOU electricity tariffs.
In order to satisfy the distribution system energy demand,
the utility intelligent controller can provide electricity from
any combination of PV generation, BESS, and electricity
purchased from the retail electricity provider (here we refer
it as substation). The intelligent controller at utility optimally
co-schedules BESS and available energy resources based on
the desirable objective of the utility. In this paper, we consider
two different objective functions for the utility intelligent con-
troller based on energy management and revenue management
purposes. In both cases, the problem formulated as the multi-
time optimization problem which can be regarded as the MPC-
based formulation. In what follows, each of these cases is
explained thoroughly.
A. Energy management
The energy management problem is formulated as an MPC-
based problem with the objective of meeting load demands
while minimizing the total purchased energy from substation
by co-scheduling legacy devices, smart inverters, and BESS.
In this problem, the voltage in the distribution system is
controlled towards the lower range of ANSI value. As the
loads in the system are modelled as voltage dependent loads,
this will lead to minimization of active power consumption of
the system at every 15-min time interval for a day. The energy
minimization problem is formulated as shown below:
Min
U
m+W−1∑
t=m
PT (t) (31)
U = {utap,i(t), ucap,i(t), qDG,i(t), Pc,d(t)} and ∀t ∈ [m, t+m+1]
Subject to:
Pij(t) =
∑
k:j→k
Pjk(t) + pL,j(t)− pDG,i(t) ∀i ∈ N (32)
Qij(t) =
∑
k:j→k
Qjk(t) + qL,j(t)− qDG,i(t)− qC,i(t) ∀i ∈ N
(33)
vi(t) = vj(t) + 2(rijPij(t) + xijQij(t)) ∀j ∈ N (34)
pL,i(t) = pi,0(t) + CV Rp(t)
pi,0(t)
2
(vi(t)− 1) ∀i ∈ NL (35)
qL,i(t) = qi,0(t) + CV Rq(t)
qi,0(t)
2
(vi(t)− 1) ∀i ∈ NL (36)
vj(t) = Ai(t)vi(t) ∀(i, j) ∈ ET (37)
Ai(t) =
32∑
i=1
Biutap,i(t),
32∑
i=1
utap,i(t) = 1 ∀(i, j) ∈ ET (38)
qC,i(t) = ucap,i(t)q
rated
cap,i vi(t) ∀(i) ∈ NC (39)
qDG,i(t) ≤
√
(sratedDG,i )
2 − (pDG,i(t))2 ∀(i) ∈ NDG (40)
qDG,i(t) ≥ −
√
(sratedDG,i )
2 − (pDG,i(t))2 ∀(i) ∈ NDG (41)
(0.95)2 ≤ vi(t) ≤ (1.05)
2 ∀i ∈ N (42)
PT (t) = Ps(t) + Pc,d(t) (43)
and BESS constraints (14)- (16)
where (31) indicates that the objective of the problem is to
minimize the total purchased power from substation (PT (t))
during the prediction window W , by scheduling BESS, capac-
itor bank, regulator tap position and reactive power of inverter
at different sampling times of a day. Equations (32), (33)
and (34) are the power flow and voltage constraints in the
distribution system. The voltage dependent loads are added as
constraints in equation (35) and (36) for the active and reactive
power loads, respectively. The capacitor banks and voltage
regulators constraints are given by equation (37), (38) and (39).
The lower and upper limits on the reactive power support by
smart inverters are given by (40) and (41). The lower and upper
limits on nodal voltages are given by equation (42). Constraint
(43) states that the total purchased power from substation at
each sampling time is equal to summation of required power
of the loads and the charging/discharging power of the BESS.
Note that (17)-(30) are not mentioned in BESS constraints
of the objective (31). The reason is that as the objective of
the problem is defined based on minimizing the purchased
power from the substation, the intelligent controller of the
utility schedules the BESS regardless of it’s depreciation cost;
thus, constraints (17)-(30) which are used in BESS model for
considering depreciation cost do not change the answer of the
problem.
B. Revenue management
The revenue management is formulated as a MPC-based
problem with the objective of meeting load demands while
minimizing the total cost of purchasing energy. The emphasis
in this problem is to optimally co-schedule legacy devices,
smart inverter and BESS to minimize total purchase energy
cost during the day. The day ahead-information include a price
vector whose entities are TOU electricity tariffs of the day-
ahead in addition to the forecast of energy consumption and
generation. This can be formulated as follows:
Min
U
m+W−1∑
t=m
Price(t).PT (t) + Priceb.Pd(t) (44)
U = {utap,i(t), ucap,i(t), qDG,i(t), Pc,d(t)} and ∀t ∈ [m, t+m+1]
Subject to:
Constraints (32)- (42) and BESS constraints (14)- (30)
The minimization of the purchased electricity cost from
substation is given by the first term of (44) while the second
term minimizes the BESS depreciation cost. In (44), Priceb is
the BESS depreciation cost and Price(t) the electricity tariff
at the sampling time t, respectively. As it can be seen all the
constraints of the revenue management problem are same as
the energy management problem except (17)-(30) which are
used in BESS model for considering depreciation cost due
to the cost minimization objective of revenue management
problem.
The depreciation cost of the BESS is an index to show how
fast the BESS life time is degrading. This helps the utility
controller to determine if it is economical to utilize the BESS
in each sampling time.
C. MPC Modelling
At the beginning of each day, utility intelligent controller
receives one-day ahead prediction information including load
energy consumption and PV generation profiles. Note that
for the case of revenue management problem formulated
in Section III-B, the controller also needs to access TOU
electricity tariffs for next 24 hours of the day. The MPC-
based algorithm solves the minimization problems (31) and
(44), with their corresponding constraints described in sections
III-A and III-B, respectively. This results in set of trajectories
[utap,i(t), utap,i(t+1), ..., utap,i(t+W −1)], [ucap,i(t), ucap,i(t+
1), ..., ucap,i(t + W − 1)], [qDG,i(t), qDG,i(t + 1), ..., qDG,i(t +
W − 1)] and [Pc,d(t), Pc,d(t + 1), ..., Pc,d(t + W − 1)] which
indicate capacitor bank, regulator tap position and reactive
power of smart inverter of bus i and charging/discharging of
BESS trajectories for a prediction window from time t to time
t + W − 1. After obtaining the optimal set of trajectories,
only the first entry of these trajectories (utap,i(t), ucap,i(t),
qDG,i(t) and Pc,d(t)) are applied for controlling the legacy
devices, smart inverter and BESS operation. Then, the MPC-
based algorithm moves one step forward; prediction window
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Fig. 3. TOU electricity tariffs
changes accordingly (from t+1 to t+W ) and MPC algorithm
repeated again.
IV. SIMULATION RESULTS
In this section, we conduct a set of simulation studies
to validate the performance of the proposed MPC-based
algorithm for solving the revenue and energy management
problems introduced in Section III. Next, we focus on the
role of choosing the BESS in cost saving problem based on
depreciation cost of the BESS. Simulations are performed on
IEEE-123 bus system (see Fig. 2). Equivalent single phase
model of IEEE-123 node system is modified by adding three
PVs of 115 kVA rating each at node 35, 52 and 97. In
both systems, the BESS with following parameters is used:
η = 0, ρ = 1, E− = 0.25, E+ = 1, dr = cr = 100 kW and
Qbat = 300 kWh. The CVR coefficients for active and reactive
power load are taken as 0.6 and 3 respectively. The load
demand curve and the PV generation profile for a day for
every 15-min time interval are obtained from the OpenDSS.
In addition, Fig. 3 shows the 24-hour TOU electricity tariffs
used in simulations.
A. Effect of MPC control on energy and revenue management
The comparison of the energy and revenue management
problems based on electrical power purchased by utility from
substation is shown for IEEE-123 node system in Fig. 4. It
can be observed that during times with low TOU electricity
tariffs (e.g. 04:00-06:00), the optimal solution for the utility
controller with revenue management objective is to purchase
00:00 06:00 12:00 18:00 24:00
Time (hr)
0
200
400
600
800
1000
Po
w
er
 (k
W
)
Energy management
Revenue management
Fig. 4. Total purchased electrical power from substation during a day based
on defined problems
more power from the substation compare to the energy man-
agement objective. That is, the focus of revenue management
problem for the utility is cost saving; thus, utility purchases
the cheap energy at these times and utilize BESS to store it.
The stored energy is injected back to the distribution system at
the times with high TOU electricity tariffs (e.g. 15:00-17:00).
Hence, less power with expensive price is purchased from the
substation compared to the other objective. However, in the
event of utility controller with energy management objective,
the total power purchased from substation during the day is
less than the case with revenue management objective. Note
that in the case of utility controller with energy management
objective, BESS charges and discharges regardless of the TOU
electricity tariffs to reduce nodal voltages for CVR purpose.
This can be verified in Table I where the cost and amount
of purchased power from the substation during the day are
compared for the both objectives. As it can be seen, using
revenue management objective for utility controller leads to
decreasing the total cost of purchased electrical power from
substation during a day while the utility controller with energy
management objective purchases less amount of electrical
power during a day.
TABLE I
COST AND AMOUNT OF PURCHASED POWER FROM THE SUBSTATION
DURING THE DAY FOR DEFINED OBJECTIVE
Cost ($) Power (kW)
Energy Management 2186 48130
Revenue Management 2132 48132
Next, the effect of VVO with CVR objective is simulated
on IEEE-123 node system. The effect of legacy devices are
shown for the maximum and minimum loading condition for
both the energy management and revenue management case.
At the minimum loading condition, the voltage regulator tap
is at -16 and all the capacitor switch are OFF, the required
power supplied by the DGs is shown in Table II. Further,
at maximum loading condition, The tap position is at -12
and three-capacitor banks is ON and one is OFF to provide
the reactive power support. The DGs are supplying/absorbing
reactive power accordingly to maintain the nodal voltages
within the limits. It can be observed from table II, that for
both the energy management and the revenue management
the VVO is achieving the same CVR objective, so the control
status in both the cases are same.
B. Depreciation cost of the BESS
In this section, we investigate the effects of depreciation cost
of the BESS in the case of energy management objective on
TABLE II
VOLT-VAR CONTROL FOR IEEE-123
Energy Management
loading condition utap ucap qDG(kVAr)
minimum -16 0,0,0,0 42.6,67.2,73.9
maximum -12 1,1,1,0 -15.6,55.2,49.6
Revenue Management
loading condition utap ucap qDG(kVAr)
minimum -16 0,0,0,0 42.6,67.2,73.9
maximum -12 1,1,1,0 -15.6,55.2,49.6
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Fig. 5. Amount of purchased power during a day based on different
depreciation costs of the BESS
cost saving. Fig. 5 shows the purchased power from substation
during the day for three different deprecation costs of the
BESS. As it can be seen, when Priceb = 0, the intelligent
utility controller charges and discharges the BESS without any
limitation and only based on TOU electricity tariffs. Thus,
there are more oscillations due to charging/discharging in the
utility purchased power trajectories compared to the other
cases with different depreciation costs. This is also the case
for all the depreciation costs less than the minimum predicted
TOU electricity tariffs of a day which allows the most possible
utilization of BESS. As the depreciation cost of the BESS
increases, it will be less economical for utility to use the
BESS. For example when Priceb = 20, the BESS charges
(discharges) at minimum (maximum) TOU electricity tariffs.
At the extreme case when Priceb = 60, the BESS does not
charge/discharge in any sampling time. This is also the case for
all the depreciation costs higher than the maximum predicted
TOU electricity tariffs of a day which is equivalent with the
case the utility does not posses BESS.
V. CONCLUSION
Conservation of electrical power and cost saving in pur-
chasing energy are important concerns for the today’s power
market. In this work, an MPC-based algorithm for energy and
revenue management of the distribution utility was presented.
The aim in energy management problem is to conserve elec-
trical power while in revenue management problem, the aim
is to reduce the cost of purchased electrical power from retail
electricity provider. In both problems, MPC-based algorithm
controls the legacy devices, smart inverters and BESS to meet
desired objective of utilities. Further, the effect of choosing
BESS based on it’s depreciation cost was investigated. The
proposed algorithm was validated by using IEEE-123 node
system and efficiency of the algorithm for energy and revenue
management problems was verified. Moreover, it was con-
cluded that utilization of the BESS becomes more economical
for revenue management problem as the depreciation cost of
BESS decreases.
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